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Ever since COVID-19 was declared a pandemic, governments around the 
world have implemented numerous phases of lockdown measures to curb the 
spread of the virus. These lockdown tactics manifest themselves in the form 
of widespread fear and panic driven by social media discussions. Given that 
individuals hold diverse opinions about these lockdown measures during and 
after their completion, positive and negative lockdown-related discussions 
should be differentiated to further understand the major related issues and to 
make appropriate messaging and policy choices in the future. We conduct a 
sentiment analysis (SA) of COVID-19 lockdown-related tweets by using 
different machine learning (ML) classifiers and then evaluate their 
performance before and after using the synthetic minority oversampling 
technique (SMOTE). This research is performed in five phases, starting with 
data collection, followed by pre-processing the dataset, preparing the dataset 
by annotation, applying SMOTE, and using ML classifiers. We observe an 
improvement in accuracy (Acc), as confirmed by the Matthews correlation 
coefficient (MCC), across most classifiers, except for the k-nearest neighbour 
(KNN), whose Acc decreased from 0.82 to 0.59 and MCC decreased from 0.544 
to 0.279 before and after SMOTE was applied. Despite the potential of SMOTE 
with some classifiers, this technique cannot be considered an ultimate 
solution, especially with other classifiers and datasets. The study provides 
insights into the need to evaluate and benchmark the integration of data 
balancing approaches with ML classifiers, in addition to considering 
additional metrics, such as MCC, for binary classification problems, especially 
in SA. 
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1. Introduction 
Since its emergence in late 2019, the whole world has been suffering from the critical COVID-19 

health crisis [1]. Immediately after this disease was reported in Wuhan, China, the World Health 
Organization (WHO) declared COVID-19 a pandemic as the virus started to spread worldwide [2]. To 
control the spread of the virus, many countries adopted safety measures, such as encouraging people 
to wear facemasks and practice social distancing, but the virus spread at an unprecedented rate and 
resulted in millions of fatalities [3]. The pandemic not only had health-related effects but also 
negatively influenced many other aspects of life, including economic, educational and social aspects 
[3]. With the rapid spread of COVID-19, governments around the world needed to make fast and 
timely decisions to control the situation, such as requiring most daily activities to be conducted online 
[4] and imposing travel restrictions and lockdowns [5]. After a few months, some countries relaxed 
their lockdown restrictions, but as the number of infections increased again, governments started to 
implement further restrictions, such as second and third lockdown measures, between 2020 and 
2022 [6]. Aside from the economic and political impacts of these continuous lockdowns, how public 
opinion about these measures triggered a shift in public opinion during the lockdown and recovery 
periods also warrants investigation. Many people have flocked to online platforms, such as Twitter, 
Reddit and Facebook, to express their feelings and opinions about the topic [7], which resulted in 
millions of opinions and COVID-19-related discussions posted online daily [8]. Given the importance 
of public sentiment and the corresponding discussions related to lockdown measures, understanding 
the COVID-19-related discussions during the quarantine and recovery periods has become critical 
because the discussions across different periods may significantly vary. Public opinion about specific 
issues is influenced by the mental status of individuals, which, especially during the lockdown, can be 
influenced by frustration and depression [9]. These opinions may even shift during relaxed times even 
if the topic has not been changed. Consequently, an effective approach that can differentiate positive 
from negative public opinions about the same topic needs to be developed. To this end, many 
researchers have utilised computer science tools to process the language and text in social media 
posts. Amongst these tools, natural language processing (NLP) has been widely utilised in sentiment 
analysis (SA) [10]. 

SA or opinion mining is an NLP technique that has become increasingly important in analysing 
and processing large amounts of natural language data by establishing some principles through which 
individual opinions are analysed [11]. SA uses linguistics and AI to enable computers to understand 
human opinions, emotions and feelings about a particular subject are extracted from their own social 
media interactions [12]. As an emerging research field, Alamoodi, et al. [13] categorised SA research 
into three areas, namely, 1) lexicon-based, 2) machine learning (ML)-based and 3) hybrid SA research. 
SA has also been applied in a variety of applications, including scientific, social and commercial 
applications [14], and has even been used in analysing trending topics, such as the COVID-19 
pandemic [13], patients attitude [15], vaccine hesitancy [16], and tracking online discourse [17]. To 
establish SA research, information regarding SA cases is collected from social media platforms such 
as Twitter, which is considered a valuable source of such information. Twitter has become an 
extremely popular platform on which users can freely express their feelings and share information 
daily about any event, including the pandemic. Using SA for Twitter can generate better insights 
about different case studies, offer a competitive advantage and provide optimal decisions for 
governments, stakeholders or organisations. Samuel, et al. [18] Used SA to gain insights into the 
progress of fear sentiment during the COVID-19 pandemic. Ghasiya and Okamura [19] Analysed the 
emergent and widely reported COVID-19-related topics in four countries and the associated 
sentiments. Obiedat, et al. [20] Used SA to help governments make effective decisions during the 
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pandemic. Cotfas, et al. [21] Used SA to study the dynamics of COVID-19 vaccination opinions after 
the wide availability of vaccines has been announced. Mujahid, et al. [22] Used SA to study public 
opinion about online education during the pandemic. These studies constitute only a small portion 
of the literature that has utilised SA to explore various topics associated with COVID-19. Whilst the 
importance and implications of SA research focusing on COVID-19 are endless, some related areas 
and topics still require further investigation. 

One major challenge for this work is to distinguish the public opinions and discussions about the 
quarantine and lockdown measures imposed by governments around the world. Specifically, the 
same person may share different opinions about the same topic across different periods. For 
instance, a person may publish a negative tweet about lockdown measures after s/he was forced to 
stay home, which eventually resulted in him/her losing his/her job and left him/her in a state of 
depression. However, after a certain period, this same person started publishing positive tweets 
about these lockdown measures after s/he was allowed again to work. Differentiating the opinions 
published across various periods can help governments understand the public sentiment towards 
their lockdown measures, which in turn will inform their future policies and decision-making 
strategies. Therefore, developing an SA text classification approach that can differentiate the COVID-
19-lockdown-related discussions posted during lockdown or recovery periods becomes critical. One 
of the first tasks required in this process is to develop and compare different text classification 
approaches that can verify whether COVID-19-lockdown-related tweets have been posted during or 
after lockdown periods. To fulfil such task, a large amount of data needs to be processed by ML 
classifiers to build models with minimal human intervention. Whilst some previous works [3, 23-26] 
have attempted to compare the performance of different classifiers, only few have considered the 
presence of large-scale unbalanced datasets and the optimisation of parameters for classifier 
performance. This study aims to bridge this gap by answering the following question: 

Q1: To which extent can ML classifiers distinguish tweets that are posted during lockdown and 

recovery periods? 

Q2: To which extent can dataset balancing issues affect the performance of ML classifiers? 

Q3: What suggestions can be offered to future SA research related to the evaluation and 

benchmarking of dataset balancing approaches? 

This work aims to investigate the public sentiment regarding lockdowns and to determine 
whether discussions have been posted during or after lockdowns. This work also aims to highlight 
significant differences in the performance of ML classifiers before and after data balancing and 
propose some directions for future research regarding the evaluation and benchmarking of data 
balancing approaches used in SA research. This study sheds light on the general public sentiment by 
using a new, unexplored dataset. The goals of this research can be summarised as follows: 

• To investigate the performance of ML classifiers in detecting lockdown-related discussions 
during or after lockdowns. 

• To identify how dataset issues can affect the performance of ML classifiers for the presented 
case study; and 

• To determine future potentials for evaluating and benchmarking dataset balancing approaches. 
The rest of this paper is organised as follows. Section 2. reviews the literature. Section 3 describes 

the methodology. Section 4 presents the results and discussion. Section 5 concludes the paper. 
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2. Literature Review  
This section discusses SA techniques, Twitter, related works and classification methods in four 

sub-sections. 
 

2.1 Sentiment Analysis Techniques  
As one of the most popular topics associated with NLP, SA uses the natural language toolkit (NLTK) 

implemented in Python with ML models to classify a particular target (binary or multi) depending on 
the case study and problem at hand. During this process, SA uses of variety of features and settings, 
such as term frequency–inverse document frequency (TF-IDF), bag of words, and N-gram [27]. In SA 
classification research, a supervised approach can be applied where ML classifiers are used for the 
classification based on fully labelled data [2]. In another hybrid approach, ML classifiers use where 
partially labelled training data to classify unlabelled data based on lexical methods [28]. SA research 
has mostly focused on social media platforms, such as Facebook, Twitter, Instagram and Reddit, given 
the wide availability of data [29]. During the COVID-19 pandemic, large volumes of news and 
discussions spread across these platforms, especially on Twitter, as it provides a strong platform for 
people to share their opinions in a timely manner. Therefore, using Twitter for SA is especially 
suitable for the case study presented in this research. 
 
2.2 Twitter for Sentiment Analysis Techniques  

Twitter is amongst the most widely used social media platforms in the world. According to 
Abraham, et al. [30], Twitter has 330 million monthly active users (out of 1.3 billion registered 
accounts) and publishes over 500 million tweets each day. Therefore, Twitter is not only a 
comprehensive data source for analysing public sentiment about almost any topic but also a valuable 
data asset for academic researchers to develop predictive models on large-scale real-time data, 
which is tremendously helpful during emergencies and crises, such as the COVID-19 pandemic. One 
of the most well-known cases where Twitter data were used for emergencies was reported in the 
study of Sakaki, et al. [31], who used Twitter data to develop an event detection system for identifying 
urgent events, including earthquakes. Other applications include Chew and Eysenbach [32], who used 
Twitter data to understand public sentiment during the pandemic, and Jain and Kumar [33], who 
used Twitter data to track the Influenza-A pandemic in India. Aside from health, SA has been widely 
adopted in other areas, including tourism [34], business [35] and education [36]. In this study, SA is 
mainly associated with COVID-19-related discussions during lockdown and recovery periods. COVID-
19-related studies that fall within the scope of this research are reviewed accordingly in the following 
sub-section. 
 
2.3 Related Works 

SA is an NLP application that analyses public sentiment and perceptions about a certain topic by 
using large amounts of unstructured data. SA has been actively used in COVID-19 research since the 
beginning of the pandemic. This section then reviews the use of SA in the related literature. Al-
Hashedi, et al. [37] Used SA, Word2Vec features and 6 ML models to study COVID-19-related 
conspiracy theories on Arabic Twitter. They found that the performance of ML models (single and 
ensemble) can be enhanced by using data balancing techniques, such as the synthetic minority 
oversampling technique for nominal and continuous. Samuel, et al. [18] Studied the progress of fear 
sentiment over time by focusing on COVID-19-specific tweets and using ML models whilst considering 
their performance over tweets with varying lengths. They found that the Naïve Bayes (NB) classifier 
performed very well for short tweets with 91% accuracy compared with logistic regression (LR), which 
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only obtained 74% accuracy. The performance of both these classifiers degraded along with an 
increasing tweet length. Misinformation not only spreads false news about the pandemic but also in 
evokes panic and fear amongst people, thereby negatively affecting culture, economics and 
healthcare. To address this problem, Alenezi and Alqenaei [38] established an effective ML model for 
the detection of misinformation regarding COVID-19 and obtained much more superior results 
compared with the literature by using long short-term memory (LSTM), multichannel convolutional 
neural network and k-nearest neighbours (KNN). In the same vein, Al-Ahmad, et al. [1] detected 
COVID-19-related misinformation by reducing the number of symmetrical features after applying 
particle swarm optimisation, genetic algorithm and salp swarm algorithm. This approach reported a 
better accuracy and outperformed the other classifiers in the literature. Yao, et al. [2] Used ML 
models to investigate public sentiment toward the pandemic in different mega-cities, such as New 
York, Los Angeles and London. They found that majority of COVID-19-related sentiments was posted 
at the beginning of 2020 (around mid-March) and on early May 2020 and suggested that public 
sentiment is more sensitive to quarantine orders compared with reported statistics. Anti-vaccination 
attitudes, which were prevalent not only during the COVID-19 pandemic but also in other pandemics 
reported in history, have been identified as one of leading factors that contribute to vaccine 
hesitancy. In response to the proliferation of anti-vaccination content on social media, To, et al. [23] 
evaluated the performance of different NLP models in identifying anti-vaccination tweets published 
during the COVID-19 pandemic by using bidirectional encoder representations from transformers 
(BERT) and the bidirectional long short-term memory networks with pre-trained GLoVe embeddings 
along with some classic ML models, including support vector machine (SVM) and NB. They found that 
BERT models achieved excellent performance in identifying anti-vaccination content and can thus be 
used in future studies. Alabrah, et al. [39] Used ML-based models and three sentiment extraction 
approaches (i.e. Ratio, TextBlob and VADER) to analyse COVID-19-vaccine-related discourses on 
social media in Gulf Cooperation Council countries. The latter scores results when used with KNN and 
Ensemble boost presented 94.01% classification accuracy, and the proposed work deemed robust in 
classifying and determining sentiments in Twitter discourse.  Cotfas, et al. [21] Analysed the dynamics 
of COVID-19-vaccination-related opinions a month after the announcement of vaccine availability. 
They utilised both ML and deep learning models to compare their performance. They found that 
positive tweets outnumbered the negative ones and proposed that both ML and deep learning 
approaches can help governments formulate an appropriate communication strategy. Aljabri, et al. 
[24] Explored public sentiment and acceptance of distance learning measures by using ML models 
along with different features and extraction techniques. They found that LR obtained the best 
accuracy of 0.899 and can therefore help governments around the world in improving their distance 
learning systems. Rustam, et al. [25] Compared the performance of supervised ML models in the 
multi-label classification of the sentiment presented in COVID-19-related tweets by using different 
feature sets. With the highest accuracy of 0.93, trees classifiers can facilitate the identification of 
COVID-19-related sentiments on social media and subsequently contribute to the making of informed 
decisions for handling the pandemic. Aljameel, et al. [3] developed ML models with different feature 
sets to predict public awareness about COVID-19 precautionary measures. Amongst these models, 
the SVM ML classifier with bigram in TF-IDF obtained the highest accuracy of 85%. Gulati, et al. [26] 
compared the performance of different ML classifiers by using a dataset of tweets related to the 
COVID-19 pandemic. By using 3 feature modes and 7 classifiers, they found that SVM obtained the 
highest accuracy amongst all ML models. Therefore, SVM may play a key role in predicting important 
information about the pandemic and its spread.  As can be seen from the above review, the majority 
of the SA literature has focused on different cases, including misinformation, public awareness, 
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vaccination and education. However, only few studies have investigated the performance of ML 
classifiers in identifying lockdown-related discussions during lockdown or recovery period. In 
addition, the performance of ML models before and after data balancing has received limited 
research attention, and a method for improving their performance needs to be developed. This study 
combines the benefits of Twitter data and machine learning methods on large-scale, high-column 
dataset to help future researchers in understanding public sentiment toward COVID-19 based on 
related discussions during two different periods. 
  
2.4 Classification Methods 

Many studies have used ML classifiers for text classification in SA, and each classifier has obtained 
different results based on the case study applied. This section discusses the main classifiers utilised 
in this work, including LR, random forest (RF), decision tree (DT), KNN, AdaBoost, XGBoost and 
artificial neural network (ANN). 
 

2.4.1 Logistic Regression 
LR is one of the most common ML classification approaches applied in the literature [40]. This 

classifier follows the probability concept for a single trial outcome by using a logistic function [41], 
whose outcome probability is either 1 or 0. Given that this classifier has been widely used in SA 
research [42], LR is included amongst the ML classifiers to be compared in this study. 

 
2.4.2 Random Forest  

RF is an ensemble classifier where multiple decision trees are trained in parallel via bootstrapping 
followed by bagging [43]. RF is known for its good performance in addressing classification problems 
and does not require feature scaling. This classifier has been widely used in SA classification [44], and 
its parameters can be easily adjusted compared with other classifiers [45]. Given these benefits, RF 
is included amongst the classifiers compared in this work. 

 
2.4.3 Decision Tree  

DT is an ML classifier that operates a hierarchical tree, uses attribute value conditions to split the 
training data into smaller parts and performs different tests to show the tree branches. Each branch 
slops from the node matches to the feature value. To classify an instance, the feature of the parent 
node is checked, and then the branch of the tree is examined to determine the value of the feature 
for a particular instance. DT has been widely used in addressing SA classification problems [46] and 
is therefore included in this research.  

 
2.4.4 K-Nearest Neighbour 

KNN is an important ML classifier that uses instance-based learning and similarity measurements 
for text classification purposes, where the similarity between two points are measured by estimating 
their distance, proximity or closeness function [47]. In KNN, the number of nearest neighbours can 
be either estimated or specified within a fixed point radius [48]. This classifier has been widely used 
in addressing text classification and SA problems [41] and is therefore examined in this work. 

 
2.4.5 Naïve Bayes 

Based on the Bayes theorem, NB is a simple ML approach [47] that applies maximum a posteriori 
estimation to identify the associated class, hence making this approach particularly effective in 
addressing text classification problems [49]. NB efficiently performs with a limited size of training 
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data and is based on conditional and data shape distribution probabilities [40]. Accordingly, the 
performance of NB is compared with that of other classifiers in this work.  

 
2.4.6 AdaBoost 

AdaBoost is an ML algorithm that combines other weak classifiers for a better performance [50]. 
This algorithm works by calling a weak classifier several times and providing a different distribution 
over the training data in each call instance. AdaBoost can filter out unnecessary training data features 
and place them on key training data. This algorithm has been used in SA research [51] and is 
considered a good fit for the performance comparison in this work. 

 
2.4.7 XgBoost 

Extreme gradient boosting, also known as XgBoost, is a quick and scalable ML classifier based on 
the gradient tree boosting technique that has been recognised for its remarkable performance in 
addressing many ML problems, including SA ones [52]. This classifier works in parallel with high 
scalability and performance and applies ensemble methods in its boosting part [53]. With its 
parameters, this classifier can be tuned differently to yield good results and hence was included in 
this study for the performance comparison.   

 
2.4.8 Multi-Layer Perceptron  

Multi-layer perceptron (MLP) is an ANN classifier known for its considerable performance in 
addressing a variety of SA and ML classification problems [54]. MLP often uses at least three layers 
to build relationships between the input and output layers where neurons with variable weights 
make up each layer [55]. In MLP, every neuron in the next layer receives input from the input nodes 
or neurons (i.e. hidden layers) of the previous layer. The neurons in the hidden layer are linked to 
one another [56]. The above ML classifiers yield excellent performance in a variety of cases, whether 
in SA or other ML context problems. Sometimes, a classifier for an SA problem can yield a different 
performance if executed on two different datasets or case studies. The performance of these 
classifiers is influenced by several factors, including dataset length, classification target, number of 
classes to be predicted/classified, features and parameters. Therefore, there is no definitive way to 
select a particular classifier for a certain case—unless this classifier shows a good performance from 
the start or at least compared with others—to confirm whether this classifier is the best fit for such 
case. To this end, a total of n=8 classifiers are compared in this work to determine which of them 
best operates on the SA problem presented in this research. Performance evaluation matrices will be 
used to determine the overall performance of each model. These matrices include accuracy, recall, 
precision, F-score and Matthews’s correlation coefficient (MCC), which are computed from the 
confusion matrix of each classifier. Additional information on the definition and equation for the first 
four matrices and MCC can be found in Han, et al. [57] and Chicco, et al. [58], respectively. Many 
studies have used ML classifiers for text classification in SA, and each classifier has obtained different 
results based on the case study applied. This section discusses the main classifiers utilised in this 
work, including LR, random forest (RF), decision tree (DT), KNN, AdaBoost, XGBoost and artificial 
neural network (ANN). 
 
3. Methodology  

This section discusses the methodological phases adopted in this research. As shown in Figure 1, 
this study has four main phases. The first phase discusses the data collection procedure, starting from 
the identification of keywords to the assembly of the entire dataset. The second phase discusses the 



Journal of Operations Intelligence 

Volume 1, Issue 1 (2023) 11-29 

18 
 
 

 

pre-processing steps applied on the assembled dataset, starting from the filtration until the end of 
the processing. The third phase prepares the dataset for the ML classification with tasks such as 
annotation procedure, balancing and feature extraction. The fourth phase takes the output of the 
previous phase, applies the ML predictive models proposed in this research and discusses their 
performance.  

 
 

Fig. 1. Methodology Phases 

 
3.1 Data Collection 

The data were collected starting from the announcement of the first COVID-19 lockdown in 
Malaysia (March 2020) up to November 2021. Between these dates, a total of three full lockdowns 
were implemented in the country with different recovery periods in between. The data collection 
was aimed at Twitter as the most used platform for sharing opinions and tweets regarding the 
quarantine and lockdown. The lockdown phases in Malaysia are known as movement control orders 
(MCO). Therefore, the following keywords were used to fetch the lockdown-related tweets: 
#Movement_Control_Order, #MCO, #MCO 2.0, #MCO 3.0, #COVID-19_quarantine, #COVID-
19_Lockdown and #Lockdown. These keywords fetched more than (n=3,000,000) tweets using the 
Twint project tool, which allows users to scrape tweets and other historical information [59]. All the 
collected tweets after discarding the duplicated and unrelated ones were exported as comma-
separated values (.csv) for the analysis. 

 
3.2 Pre-Processing 

Pre-processing is an essential step prior the actual sentiment analysis using ML classifiers. The 
data collected from Twitter, in their original form, should undergo a filtration process for them to be 
compatible for further processing. To this end, different Python tools and libraries were used, 
including the Pandas-Python Data Analysis Library and Python NLP toolkit. The first step in the pre-
processing process is normalisation, which cleans the collected data. This process involves filtering 
out non-English text, emojis, URLs and special characters from the data, converting all upper case 
letters into small letters to reduce the complexity of using text in the analysis and tokenisation, 
wherein the text is converted into tokens separated by a white space. In tokenisation, all special 
characters are removed, the word boundaries are determined, and the abbreviations and numbers 
are processed. In the last step, the stop words are removed to eliminate those words that do not add 
much information to the text about a particular topic. Examples of stop words in the English language 
are ‘is’, ‘a’, ’an’ and ‘the’. 

 

Keywords API Crawler Dataset 

1st Phase; Data Collection 

2nd Phase; Preprocessing 

Language Normalization 

“lockdown 
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3.3 Annotation 
In annotation, all tweets and their categories are labelled in accordance with the research main 

case for the classification [60]. Accordingly, the dataset was annotated into two categories, namely, 
lockdown and recovery, for the binary classification. Lockdown includes the COVID-19-related 
discussions about the lockdown and quarantine measures implemented during the lockdown period, 
whereas recovery includes the corresponding discussions during the recovery period. A two-step 
filtration process was then implemented, in which the first step selected all tweets with at least one 
keyword related to COVID-19 lockdown discussions in Malaysia, and the second step used the 
publication date of each tweet to determine whether this tweet was posted during the lockdown or 
recovery period. After this process, a total of (n=1,050,803) tweets were retained for the analysis. 
The distribution of these tweets between the two categories is shown in Fig. 1. 

 
Fig. 1. Categories Distribution in the Dataset 

 

As shown in Figure 2, the lockdown category included (n=316,108) tweets (labelled as 1), whereas 
the recovery category included (n=734,695) tweets (labelled as 0), with the lockdown tweets clearly 
outnumbering the recovery ones. This distribution can affect the performance of the ML classifiers 
in accurately classifying the problem of the case study. To address this issue, the synthetic minority 
oversampling technique (SMOTE) was applied to balance the distribution between these categories. 
The results are presented before and after the application of SMOTE to highlight how much this 
technique improves the classification.  

 
3.4 SMOTE 

 SMOTE is a data balancing technique used in ML research. In this approach, synthetic samples of 
minority classification labels are generated so that the number of samples from each group is almost 
the same [61]. As discussed in Section 0, the dataset did not have an equal representation of the 
annotated categories, which may lead to the overfitting of the ML models. The effects of SMOTE on 
the data ratio and on the performance of ML classifiers are discussed in Sections 0 and 0. 

 
3.5 Feature Extraction  

TF-IDF has been widely used in SA research to extract weighted features from the data and to 
assign each data term with a weight value to enhance the performance of ML classifiers [62]. TF-IDF 
focuses on the most distinctive words, hence allowing this approach to overcome the limitation of 
depending on word counts in SA research. The mathematical functions for TF-IDF are 
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tf(t, d) =  log(1 + ft,d) (1) 

Idf(t) =  log (
1 + N

1 + n𝑡

) (2) 

where tf(t, d) represents the count of term t in document d, N represents the total number of 
documents and n represents the number of documents containing the term t. 

 
3.6 Data Splitting 

The collected data were split into an 80:20 ratio, of which 80% were used for training the model, 
and the remaining 20% were used for testing the model. A 10-fold cross-validation was then 
performed. Prior this process, the data were shuffled to enhance the generalisability of the 
classification results, reduce the variance and avoid model overfitting.  

 
3.7 Performance Metrics 

The performance evaluation measures used in this research include accuracy (Acc), Precision (Pr), 
Recall (Re), F1 score and MCC, which are defined as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐴𝑐𝑐) =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  

(3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃𝑟. ) =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(4) 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅𝑒. ) =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(5) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2𝑥 
𝑃𝑟. 𝑥 𝑅𝑒.

𝑃𝑟. +𝑅𝑒.
 

(6) 

𝑀𝐶𝐶 =  
𝑇𝑃 𝑥 𝑇𝑁 − 𝐹𝑃 𝑥 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)𝑥 (𝑇𝑃 + 𝐹𝑁)𝑥(𝑇𝑁 + 𝐹𝑃)𝑥(𝑇𝑁 + 𝐹𝑁)
 (5) 

 

where TP, FP, TN and FN denote true positive, false positive, true negative and false positive, respectively. 

 
4. Result 

Two experiments were conducted on all classifiers. The data were imbalanced in the first 
experiment, and this imbalance issue was resolved using SMOTE in the second experiment. 

 
4.1 Result without SMOTE 

All classifiers in the original dataset with a class imbalance issue were used in the first experiment. 
The results are reported in  
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Table 1  
Results without Using SMOTE 

Model Accuracy Class Precision Recall F-Score MCC 

AdaBoost 0.78 

0 0.77 0.97 0.86 

0.418 1 0.81 0.34 0.47 

Macro avg 0.79 0.65 0.67 

DT 0.79 

0 0.83 0.87 0.85     

0.479 1 0.66 0.60 0.63      

Macro avg 0.75 0.73 0.74 

KNN 0.82 

0 0.82 0.95 0.88 

0.544 1 0.81 0.52 0.63 

Macro avg 0.82 0.73 0.76 

LR 0.82 

0 0.88 0.86 0.87 

0.580 1 0.69 0.73 0.71 

Macro avg 0.79 0.79 0.79 

MLP 0.79 

0 0.88 0.81 0.84 

0.527 1 0.62 0.75 0.68 

Macro avg 0.75 0.78 0.76 

NB 0.81     

0 0.81 0.95 0.87 

0.513 1 0.81 0.47 0.60 

Macro avg 0.81 0.71 0.74 

RF 0.75 

0 0.73 1.00 0.85 

0.331 1 0.97       0.16       0.27      

Macro avg 0.85       0.58           0.56 

XgBoost 0.81 

0 0.79       0.98       0.88 

0.513 1 0.89       0.41       0.56      

Macro avg 0.84       0.69       0.72     

 

KNN and LR outperformed all other classifiers in terms of accuracy (0.82), followed by XgBoost 
and NB (0.81), DT and MLP (0.79), AdaBoost (0.78) and RF (0.75). Apart from accuracy, MCC is 
considered a more robust performance evaluation approach for binary classification problems, 
especially in the case of balanced and unbalanced datasets. LR obtained the highest MCC (0.580), 
followed by KNN (0.544), MLP (0.527) and RF (0.331). 

 
4.2 Result with SMOTE 

In the second experiment, the same classifiers were applied after using SMOTE to balance the 
dataset distribution. This experiment aimed to show how SMOTE can enhance the performance of 
classifiers when applied on an unbalanced dataset. The results are shown in  
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Table 2  
Results After Using SMOTE 

Model Accuracy Class Precision Recall F-Score MCC 

AdaBoost 0.70 

0 0.66       0.83       0.74 

0.423 1 0.77       0.58       0.66 

Macro avg 0.72       0.70       0.70 

DT 0.83 

0 0.82       0.84       0.83 

0.655 1 0.84       0.81       0.82 

Macro avg 0.83       0.83       0.83 

KNN 0.59 

0 0.88 0.21 0.34 

0.279 1 0.55 0.97 0.70 

Macro avg 0.71 0.59 0.52 

LR 0.85 

0 0.85       0.86       0.85 

0.700 1 0.85      0.84       0.85 

Macro avg 0.85       0.85       0.85 

MLP 0.85 

0 0.88       0.82       0.85 

0.711 1 0.83       0.89       0.86 

Macro avg 0.86       0.85       0.85 

NB 0.80 

0 0.73       0.93       0.82 

0.618 1 0.91       0.66       0.77 

Macro avg 0.82       0.80       0.79 

RF 0.71 

0 0.65       0.92       0.76 

0.456 1 0.86       0.49       0.63 

Macro avg 0.75       0.71       0.69 

XgBoost 0.81 

0 0.74       0.95       0.83 

0.639 1 0.93       0.66       0.77 

Macro avg 0.83       0.81       0.80 

 

In this experiment, MLP and LR obtained the highest accuracy (0.85), followed by DT (0.83), 
XgBoost (0.81), NB (0.80), RF (0.71) and AdaBoost (0.70). In terms of MCO, MLP showed the best 
performance (0.711), followed by LR (0.700), DT (0.655) and AdaBoost (0.423). These results clearly 
show that the application of SMOTE improved the accuracy of some classifiers whilst degrading the 
performance of others. Nevertheless, the application of this technique improved the MCO of all 
classifiers, hence proving the suitability of SMOTE in performance evaluation after balancing the 
dataset. The following section discusses the improvements and degradations in the performance of 
the classifiers before and after the application of SMOTE.   

 
4.3 Comparative Analysis 

 This section compares the performance of all classifiers before and after the application of 
SMOTE based on their accuracy and MCC values. The comparison is illustrated on Fig. 2. 
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Fig. 2.  Comparative Analysis 

As shown in Figure 3, the application of SMOTE improved the accuracy of three classifiers, 
namely, DT (from 0.78 to 0.83), LR (from 0.82 to 0.85) and MLP (from 0.79 to 0.85). XgBoost showed 
no changes in its accuracy (0.81) before and after the application of SMOTE, whereas Adaboost, KNN, 
NB and RF reported a decrease in their accuracy, hence suggesting that SMOTE is not suitable for 
improving the accuracy of classifiers. However, in terms of MCC, which has been proven to be more 
robust and reliable than balanced accuracy in over F1 score and accuracy in binary classification 
evaluation [58, 63]. Figure 3 shows that most classifiers (n=7) have improved their MCC after the 
application of SMOTE, with MLP showing the largest increase (18.4), followed by DT (17.6), XgBoost 
(12.6), RF (12.5), LR (12) and AdaBoost (0.5). Consistent with the results for accuracy, KNN reported 
a lower MCC after the application of SMOTE.  

 
4.4 Discussion and Synthesis  

The majority of the ML classifiers compared in this research has shown improvements in their 
performance as demonstrated in their MCC scores, which has been demonstrated as one of the most 
suitable approaches for addressing classification problems, especially when the data are balanced 
using artificial means, such as SMOTE. Only the KNN classifier showed no improvements in both its 
MCC and accuracy. Surprisingly, KNN demonstrated a better performance in the presence of largely 
unbalanced data, thereby suggesting that in spite of the potential of data balancing approaches (or 
at least SMOTE), their utilisation in balancing a dataset may not always be applicable across all ML 
classifiers. Therefore, the performance of these different classifiers should be measured by using 
other data balancing approaches. 
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4.5 Potential Future Research Directions  
This section presents some promising directions for future COVID-19 SA research in terms of 

evaluating and benchmarking data balancing techniques. Results of this study show that data 
balancing techniques are primarily used to rectify unbalanced datasets and to ensure that ML and 
other predictive analytic classifiers can perform accurately. Although many data balancing methods 
are available, not all of them can improve the performance of classifiers. For instance, SMOTE 
negatively influenced the performance of the KNN classifier as can be seen in its MCC and accuracy. 
Whilst other data balancing methods can be used, their positive effects on the performance of 
classifiers cannot be guaranteed. Meanwhile, determining the most suitable classifier-data balancing 
combination for SA research is a complex process that is affected by several issues. Firstly, many ML 
classifiers and data balancing approaches are available for SA classification research. Secondly, the 
results of evaluation metrics for classification tasks may greatly vary from one metric to another. For 
example, a classifier with high accuracy may perform poorly for the other performance assessment 
metrics. Furthermore, the majority of comparative ML SA studies does not offer an ML-data 
balancing combination that is best suited for addressing the binary classification issue in COVID-19 
research. Therefore, the evaluation and benchmarking of an ML-data balancing combination for the 
SA binary classification problem in COVID-19 research is a challenging multi-attribute decision-
making problem that comes within MCDM. MCDM, which has been characterised as a ‘decision 
theory extension that covers any choice with multiple objectives’, is a technique for evaluating 
choices based on separate and sometimes contradictory criteria and merging these choices into a 
single overall evaluation. This approach involves several activities, including organising, planning and 
addressing various decision issues based on a variety of criteria. MCDM approaches often need 
decision makers to submit qualitative and/or quantitative evaluations to evaluate the performance 
of each alternative in relation to each criterion and the relative relevance of the evaluation criteria 
in relation to the overall aim. We plan to integrate MCDM alongside the evaluation and 
benchmarking issue of ML-data balancing combination in future SA research for the binary 
classification problem.  

 
5. Conclusion 

The COVID-19 pandemic has affected the world in many ways and even resulted in huge fatalities. 
As a result, the pandemic necessitated a quick and decisive action from the government to the extent 
that most daily operations were moved online, travel restrictions were enforced, and lockdowns 
were implemented on a regular basis. The reaction of the public to such decisions during periods of 
lockdown and recovery has generated millions of comments and discussions every day on social 
media. These discussions about the same topic should be differentiated from one another based on 
when they occur to understand the dominating public opinion during periods of lockdown or 
recovery. To this end, this study measured the online discussions related to the continuous lockdown 
measures by using SA with ML classifiers. A dataset of tweets from Malaysia was obtained by using 
the Twint tool and several keywords related to MCO. A variety of pre-processing steps were also 
applied on the dataset, including text normalisation and emoji and stop words removal. Afterwards, 
the data were annotated using Date to label tweets into binary classes to be used with the ML 
classification. The collected tweets had an unbalanced distribution, which may affect the 
performance of the classifiers. Therefore, a data balancing approach was used to obtain a balanced 
dataset. TD-IDF was used as feature engineering approach whose results were fed into (n=8) ML 
classifiers, namely, AdaBoost, DT, KNN, LR, MLP, NB, RF and XgBoost, whose results before and after 
the application of the SMOTE data balancing approach were compared. All these classifiers reported 
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accuracies ranging from 0.75 to 0.82, with both KNN and LR obtaining the highest accuracy and RF 
obtaining the poorest accuracy (0.75). However, accuracy is not the best measure of classifier 
performance. For this reason, the MCC of each classifier was measured. LR obtained the highest MCC 
(0.580), whereas RF obtained the lowest MCC (0.331). After data balancing, MLP obtained the best 
accuracy (0.85) and highest MCC score (0.711) amongst all classifiers. Surprisingly, the application of 
SMOTE degraded the performance of some classifiers to their worst levels. For instance, the accuracy 
and MCC measurements of KNN reduced from 0.82 to 0.59 and from 0.544 to 0.279, respectively, 
thereby suggesting that data balancing techniques, or at least the ones utilised in this research, do 
not guarantee the performance of classifiers. Therefore, future COVID-19 SA research should 
evaluate and benchmark other approaches aside from data balancing with different ML classifiers 
and across different SA evaluation datasets. Future research may also extend this work by introducing 
deep learning classifiers, different feature settings, data balancing techniques and predictive analyses 
of the SA dataset presented in this study and other benchmarking datasets available in the literature. 
The findings of this work and its future extensions not only will contribute additional technical 
knowledge into ML, its settings and parameters but also help public health authorities make decisions 
in response to emergency situations. 
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